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PREDICTING DIGITAL SURVEY RESPONSE
QUALITY AND GENERATING
SUGGESTIONS TO DIGITAL SURVEYS

RELATED APPLICATIONS

[0001] This application claims priority to and the benefit
of U.S. Provisional Patent Application No. 62/881,817, filed
on Aug. 1, 2019, which 1s incorporated herein by reference
in 1ts entirety.

BACKGROUND

[0002] Recent advancements in computing devices and
networking technology have led to a variety of innovations
in composing and creating digital surveys to gather infor-
mation. For example, conventional survey creation systems
can enable individuals to compile lists of questions into
digital surveys and distribute the digital survey to respon-
dents. Indeed, many conventional survey creation systems
provide tools, templates, libranies, interfaces, and other
options to assist individuals to create digital surveys.

[0003] Despite these and other advances, however, con-
ventional survey creation systems continue to sufler from a
number of limitations 1n relation to functionality, accuracy,
and efliciency. To 1illustrate, the tools provided by many
conventional survey creation systems often face shortcoms-
ings relative to functionality. More specifically, although
many conventional survey creation systems enable individu-
als to build various types of surveys via survey building
tools, the survey building tools often fail to create or
optimize functional surveys. In particular, many surveys
created by conventional survey creation systems often result
in effectively useless responses. For example, conventional
survey creation systems often utilize illogical or confusing
questions, questions that cannot render across a variety of
computing devices, poorly thought-out questions (e.g., ques-
tions that ask for personal details that people are not willing
to share), or questions with other limitations or defects. Such
surveys, even if sent to enough recipients to generate a
statistically significant sample, often collect low-quality
answers. Thus, many conventional survey creation systems
fail to create functional and useful surveys that result 1n
tfunctional and useful response data.

[0004] As a result, conventional survey creation systems
are olten ineflicient with respect to computing and storage
resources. In particular, conventional survey creations sys-
tems often fail to identify a survey as unproductive until
after the survey has been published, distributed, and
responses have been collected. For example, conventional
survey creation systems dedicate computing resources to
generating and sending unproductive surveys to numerous
users. Conventional survey creation systems will often use
additional resources to collect and store responses to the
survey. Typically, conventional survey creations systems
must dedicate additional computing resources to analyze all
the responses before identifying the responses and/or the
survey as unproductive. Thus, conventional survey creation
systems are often inherently mneflicient and waste significant
computing and storage resources based on managing unpro-
ductive surveys and unproductive survey response data.

[0005] Additionally, due to the above-discussed disadvan-
tages, conventional survey creation systems oiten produce
inaccurate survey results and a survey administrator will
only become aware of the inaccurate survey results after
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administering a survey to an audience over a period of time.
Though some conventional survey creation systems have
attempted to provide users with a loose prediction of the
quality of a survey, predictions generated by such conven-
tional survey creation systems are often too simplistic. For
example, while conventional survey creation systems can
determine that a survey 1s free of grammatical and spelling
errors, conventional survey creation systems often have
difliculty evaluating the eflicacy of survey questions upiront
and 1n a meaningful way to allow the system to correct
1ssues with a survey prior to survey administration. In other
words, conventional survey creation systems often have no
cllective means to accurately 1dentify unproductive surveys
that result 1n a waste ol computational resources, cost, and
time.

[0006] These along with additional problems and issues
exist with regard to conventional survey creation systems.

SUMMARY

[0007] Embodiments of the present disclosure provide
benefits and/or solve one or more of the foregoing or other
problems 1n the art with systems, computer media, and
methods for improving survey creation by providing cus-
tomized suggestions to users during the creation of digital
surveys to improve survey quality and eflectiveness. For
example, 1n one or more embodiments, the disclosed sys-
tems analyze survey and response data to provide real-time
feedback to survey publishers during the creation of a
survey. In particular, the disclosed systems can provide
specific suggestions for editing individual survey questions
and the survey as a whole to optimize the quality of response
data. Additionally, as the disclosed systems receive
responses to surveys, the disclosed systems can store and
analyze response data to further personalize feedback and
suggestions.

[0008] To 1illustrate, the disclosed systems can receive a
survey from an administrator. The disclosed systems extract
survey characteristics by analyzing the survey. Based on the
extracted survey characteristics, the disclosed systems can
predict a response’s quality and identify suggested changes.
The disclosed systems can present, within a survey evalu-
ation graphical user interface, the response quality and the
suggested changes. Additionally, the disclosed systems can
publish the survey and receive responses from respondents.
Based on the responses, the disclosed systems can update the
response quality and the suggested changes and present the
updated response quality and suggested changes via the
survey evaluation graphical user interface.

[0009] The following description sets for additional fea-
tures and advantages of one or more embodiments of the
disclosed systems, computer media, and methods. In some
cases, such features and advantages will be obvious to a
skilled artisan from the description or may be learned by the
practice of the disclosed embodiments.

BRIEF DESCRIPTION OF THE DRAWINGS

[0010] The detailed description refers to the drawings
briefly described below.

[0011] FIG. 1 illustrates a block diagram of an environ-
ment 1n which a response prediction system can operate in
accordance with one or more embodiments.
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[0012] FIG. 2 illustrates an example sequence diagram of
providing response quality and recommended changes in
accordance with one or more embodiments.

[0013] FIG. 3 illustrates an overview for presenting pre-
dicted response quality and suggested changes to an admin-
istrator before the response prediction system publishes a
survey 1n accordance with one or more embodiments.
[0014] FIG. 4 illustrates additional detail with regard to
generating question suggested changes and global survey
suggested changes 1n accordance with one or more embodi-
ments.

[0015] FIGS. SA-5C 1illustrate a series of example ques-
tion evaluation graphical user interfaces for presenting sug-
gested changes in accordance with one or more embodi-
ments.

[0016] FIGS. 6A-6B illustrate a series of example survey
evaluation graphical user interfaces for presenting global
survey suggested changes 1n accordance with one or more
embodiments.

[0017] FIG. 7 illustrates an overview for presenting
updated response quality and updated suggested changes to
an administrator 1 accordance with one or more embodi-
ments.

[0018] FIG. 8 illustrates additional detail with regard to
updating suggested changes 1n accordance with one or more
embodiments.

[0019] FIG. 9 illustrates an example response evaluation
graphical user interface for presenting updated response

quality and updated suggested changes in accordance with
one or more embodiments.

[0020] FIG. 10 1llustrates a flowchart of a series of acts 1n
a method of providing survey suggested changes 1n accor-
dance with one or more embodiments.

[0021] FIG. 11 illustrates a block diagram of an example
computing device for implementing one or more embodi-
ments of the present disclosure.

[0022] FIG. 12 illustrates an example network environ-
ment of a response prediction system in accordance with one
or more embodiments described herein.

DETAILED DESCRIPTION

[0023] This disclosure describes one or more embodi-
ments ol a response prediction system that analyzes surveys
and intelligently provides real-time suggestions to improve
quality of survey responses. More particularly, the response
prediction system analyzes the characteristics of created
surveys before they are published. Based on an assessment
ol the pre-published survey, the response prediction system
can generate an 1nitial survey report that includes a predicted
response quality. Additionally, the 1mitial survey report can
include suggested changes to improve the predicted
response quality. Furthermore, the response prediction sys-
tem can conduct additional analysis after publishing the
survey. In particular, the response prediction system con-
tinuously retrieves feedback (e.g., survey responses and
survey response quality) to generate an updated survey
report with predictions and suggested changes based on data
specific to the published survey.

[0024] To 1illustrate, 1n one or more embodiments, the
response prediction system receives a survey comprising
one or more survey questions. The response prediction
system extracts survey characteristics (e.g., survey length,
number and type of questions, etc.) from the recerved survey
and survey questions. The response prediction system gen-
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crates a predicted response quality based on the extracted
survey characteristics. Furthermore, based on the predicted
response quality, the response prediction system generates
suggested changes (e.g., remove, move, or amend questions,
add translations for certain questions, amend a question for
device compatibility, etc.) and provides the suggested
changes at a client device associated with an administrator.

[0025] As mentioned above, the response prediction sys-
tem predicts response quality for a received survey. In
general, the response prediction system does not only evalu-
ate the quality of the survey but also predicts response
quality based on analyzed survey characteristics. For
example, the response prediction system extracts survey
characteristics such as question word counts, character
counts, readability index scores, and others. The response
prediction system may utilize a combination of a statistical
regression model and a machine learning model to analyze
historical survey data to predict response quality based on
the extracted characteristics. More specifically, the response
prediction system generates response quality scores for
response quality classes applicable to both specific questions
(e.g., responses are likely irrelevant to what the question 1s
asking) and for the survey as a whole (e.g., the survey 1is
likely to have contradicting answers or repetitive answers).

[0026] Additionally, as mentioned, the response prediction
system does not only predict response quality, the response
prediction system also generates suggested changes. For
example, the response prediction system can, based on the
predicted response quality, present recommendations for
improving the predicted response quality. In particular, the
response prediction system generates scores for a number of
response quality classes. The response prediction system
identifies target response quality classes by determining
which response quality scores fall below (or above) a
corresponding threshold. The response prediction system
utilizes a combination of a statistical regression model and
a machine learning model to identily target survey charac-
teristics that can be modified to boost the target response
quality class. Thus, the response prediction system 1dentifies
the most eflicient method to improve the predicted response
quality.

[0027] The response prediction system conducts addi-
tional analysis after the survey has been administered or
published to survey respondents. For example, the response
prediction system collects and analyzes received responses
to generate suggested responses specific to the particular
survey. The response prediction system periodically
retrieves survey responses and generates scores for the
plurality of response quality classes based on the actual
responses to the survey questions. Based on the received
responses, the response prediction system generates sug-
gested changes. In particular, the response prediction system
can use the retrieved responses to update a specific dataset
that contains survey data specific to an administrator, an
organization, or administrators/organizations with shared
characteristics. Thus, the response prediction system can
utilize data from the specific dataset to generate suggested
changes specific to an admimstrator, organization, or even a
type of survey respondent, thus allowing for survey modi-
fications during the administration of a survey that improve
the survey results.

[0028] The response prediction system provides many
advantages and benefits over conventional systems and
methods. For example, the response prediction system can
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improve the functionality of digital survey systems. In
particular, while conventional systems might collect statis-
tically significant samples of low-quality responses, the
response prediction system can minimize the likelihood of
an unproductive survey. In particular, the response predic-
tion system can predict response quality ol surveys to
identily suggested changes. By implementing the suggested
changes, the response prediction system can improve the
actual response quality of surveys.

[0029] Additionally, the response prediction system
makes technical improvements with respect to efliciency.
For example, the response prediction system can identily
ways to 1mprove survey response quality and can present
suggested changes to an administrator before a survey has
even been published. By doing so, the response prediction
system can improve the predicted quality of survey
responses even before publishing the survey. Thus, the
response prediction system can reduce the amount of pro-
cessing power and storage space traditionally dedicated to
sending, receiving, and processing surveys and unproduc-
tive results. Instead, most processing and storage resources
utilized by the response prediction system are used to collect
productive survey responses.

[0030] The response prediction system 1s also more accu-
rate relative to conventional systems. For example, in con-
trast to conventional survey creation systems that generate
loose predictions of survey quality, the response prediction
system can generate a response quality prediction. Because
the response prediction system suggests changes based on
predicted response quality, the response prediction system
can generate suggested changes that result in more accurate
survey results. Furthermore, the response prediction system
accesses various datasets including a general dataset that
stores all survey data across the response prediction system
and a specific dataset that stores survey data specific to a
survey, an administrator, entity, or administrators/entities
that share common characteristics. Thus, the response pre-
diction system can predict response quality specific to a
particular survey associated with an administrator, entity, or
administrators/entities that share the common characteris-
tics.

[0031] As 1s apparent by the foregoing discussion, the
present disclosure utilizes a variety of terms to describe
features and advantages of the response prediction system.
Additional detail 1s now provided regarding these and other
terms used herein. For example, as used herein, the terms
“survey question,” “question prompt,” “survey prompt,” or
simply “question” refer to an electronic communication used
to collect information. In particular, the term “question” can
include an electronic communication that causes a client
device to present a digital query that invokes or otherwise
ivites a responsive interaction from a respondent of a
respondent client device. While a question primarily
includes a survey question, in some embodiments, a ques-
tion includes a statement or comment of instruction or
information to a respondent.

[0032] As used herein, the term “survey” refers to an
clectronic communication to collect information. In particu-
lar, the term “survey” can include an electronic communi-
cation comprising one or more survey questions. For
example, a single survey can include a number of different
types of survey questions mncluding multiple choice, matrix,
and others. In one or more embodiments, a survey can refer
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to information collected through channels other than direct
surveys, such as online forums or other information received
from online sources.

[0033] As used herein, the term “survey characteristics™
refers to features of a survey. In particular, the term “‘survey
characteristics” can include traits of individual survey ques-
tions and/or traits of the survey as a whole. More specifi-
cally, the term *“‘survey question characteristics™ or “question
characteristics”™ refer to traits of an 1individual survey ques-
tion. For example, survey question characteristics can refer
to the question type, number of characters, number of
polysyllabic words, coordinating conjunctions, etc. 1n a
survey question. The term “global survey characteristics”
refer to traits of the global survey. For example, “global
survey characteristics” can refer to number of questions,
proportions of types of questions, question similarity, etc. of
the survey as a whole.

[0034] As used herein, the terms “‘survey response” or
simply “response” refer to electronic data provided 1n
response to a survey. The term “survey response” refers to
clectronic data including content and/or feedback based on
user mput form the respondent 1n reply to the survey. For
example, the term “survey response” can include answers or
responses to a survey as a whole (e.g., a percentage of
questions answered). Additionally, the term “question
response’” or “survey question response’” specifically refers
to electronic data including content based on user input from
the respondent 1n reply to a particular survey question. For
example, “question response” 1includes a respondent’s 1input
in reply to a specific question. Furthermore, for purposes of
describing one or more embodiments disclosed herein, ret-
erence 15 made to survey questions and survey responses.
One will appreciate that while reference 1s made to survey-
related questions and responses, the same principles and
concepts can be applied to other types of content items.

[0035] As used herein, the term “response quality” refers
to the quality of a survey response. Generally, “response
quality” refers to the productivity or usability of a response.
For example, response quality can include scores for a
number ol response quality classes including repeat
answers, completion rate, repetitive answers, length of
answers, specificity of answers, etc. Scores for the response
quality classes can comprise fractional numbers indicating
the number of surveys that have response class quality
scores over a corresponding threshold (e.g., 55/100 surveys
have repeat answers).

[0036] Additional detail will now be provided regarding
the question recommendation system 1n relation to illustra-
tive figures portraying example embodiments. For example,
FIG. 1 1llustrates a schematic diagram of an environment 1n
which the question response prediction system 106 can
operate 1n accordance with one or more embodiments. As
illustrated, environment includes a server device 102 and
client devices (i1.e., admimistrator client device 114 and
recipient client devices 118) connected by network 122.
Additional details regarding the various computing devices
(e.g., the server device 102, the administrator client device
114, recipient client devices 118, and network 122) are
explained below with respect to FIGS. 11 and 12.

[0037] As shown, the server device 102 hosts a digital
survey system 104 and the response prediction system 106.
In general, the digital survey system 104 facilitates the
creation, administration, and analysis of electronic surveys.
For example, the digital survey system 104 enables a user
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(c.g., an admimstrative user) via the administrator client
device 114, to create, modily, and publish a digital survey
that includes various questions (e.g. electronic survey ques-
tions). In addition, the digital survey system 104 provides
survey questions to recipients, and collects responses from
respondents (1.e., responding recipients/users) via the recipi-
ent client devices 118.

[0038] In addition, the digital survey system 104 includes
the response prediction system 106. In various embodi-
ments, the response prediction system 106 predicts a
response quality and presents suggested changes to admin-
istrators associated with the administrator client device 114.
In particular, the response prediction system 106 analyzes a
survey before it 1s published to generate recommendations 1n
reordering, rephrasing, and otherwise editing surveys and
survey questions to improve a respondent’s experience with
the survey, which 1n turn, results 1n more completed surveys
and higher-quality responses by respondents. Furthermore,
after the digital survey system 104 publishes the survey, the
response prediction system 106 further fine tunes recom-
mendations based on collected responses. To briefly 1llus-
trate, the digital survey system 104 receives or otherwise
accesses a survey. The response prediction system 106
analyzes the survey to extracts survey characteristics. The
response prediction system 106 predicts a response quality
based on the extracted survey characteristics and generates
suggested changes to the survey. The response prediction
system 106 provides the suggested changes to the adminis-
trator via the admimstrator client device 114.

[0039] As shown, the environment 1ncludes the adminis-
trator client device 114 and the respondent client devices
118. The administrator client device 114 includes an admin-
istrator application 116 (e.g., a web browser or native
application) that enables a user (e.g., an administrator) to
access the digital survey system 104 and/or the response
prediction system 106. For example, while creating or
editing a survey using the adminmistrator application 116, the
response prediction system 106 provides suggested changes
to the user to make to the survey. Furthermore, after the
digital survey system 104 publishes the survey and the
digital survey system 104 begins collecting responses, the
response prediction system 106 can provide updated sug-
gested changes to the user to improve future response
quality. Stmilarly, the respondent client devices 118 1nclude
response applications 120 that enable respondents to com-
plete digital surveys provided by the digital survey system
104. In some embodiments, the admimstrator application
116 and/or the response applications 120 include web
browsers that enable access to the digital survey system 104
and/or the response prediction system 106 via the network

122.

[0040] Although FIG. 1 illustrates a minimum number of
computing devices, the environment 100 can include any
number of devices, including any number of server devices
and/or client devices. In addition, while the environment 100
shows one arrangement of computing devices, various
arrangements and configurations are possible. For example,
in some embodiments, the administrator client device 114
may directly communicate with the server device 102 via an
alternative communication network, bypassing the network

122.

[0041] In various embodiments, the response prediction
system 106 can be mmplemented on multiple computing
devices. In particular, and as described above, the response
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prediction system 106 may be implemented in whole by the
server device 102 or the response prediction system 106 may
be implemented 1n whole by the administrator client device
114. Alternatively, the response prediction system 106 may
be 1mplemented across multiple devices or components
(e.g., utilizing the server device 102 and the administrator
client device 114).

[0042] To elaborate, 1n various embodiments, the server
device 102 can also 1nclude all, or a portion of, the response
prediction system 106, such as within the digital survey
system 104. In addition, server device 102 can include
multiple server devices. For instance, when located on the
server device 102, the response prediction system 106
includes an application running on the server device 102 or
a portion of a software application that can be downloaded
to the administrator client device 114 (e.g., the administrator
application 116). For example, the response prediction sys-
tem 106 includes a networking application that allows an
administrator client device 114 to interact (e.g., create sur-
veys) via the network 122 and receive suggestions (e.g.,
suggested changes) from the response prediction system 106
to optimize response quality.

[0043] The components 104-112 and 116 can include
soltware, hardware, or both. For example, the components
104-112 and 116 include one or more instructions stored on
a computer-readable storage medium and executable by
processors ol one or more computing devices, such as a
client device or a server device. When executed by the one
or more processors, the computer-executable nstructions of
the server device 102 and/or the administrator client device
114 can cause the computing device(s) to perform the
teature learning methods described herein. Alternatively, the
components 104-112 and 116 can include hardware such as
a special-purpose processing device to perform a certain
function or group of functions. Alternatively, the compo-
nents 104-112 and 116 can include a combination of com-
puter-executable instructions and hardware.

[0044] Furthermore, the components 104-112 and 116 are,
for example, implemented as one or more operating systems,
as one or more stand-alone applications, as one or more
modules of an application, as one or more plug-ins, as one
or more library functions or functions called by other
applications and/or as a cloud computing model. Thus, the
components 104-112 and 116 can be implemented as a
stand-alone application, such as a desktop or mobile appli-
cation. Furthermore, the components 104-112 and 116 can
be implemented as one or more web-based applications
hosted on a remote server. The components 104-112 and 116
can also be implemented in a suite of mobile device appli-
cations or “apps.”

[0045] As an overview, the response prediction system
106 can utilize a machine learning model and/or a statistical
model to predict the response quality for survey questions
and generate suggested changes. To elaborate, FIG. 2 and
the accompanying discussion provide a general overview of
generating and providing predicted response quality and
recommended changes to the administrator client device
114. As mentioned, FIG. 2 illustrates a sequence diagram
200 for providing updated response quality and updated
recommended changes i1n accordance with one or more
embodiments. As shown, the sequence diagram 200 includes
the administrator client device 114, the server device 102,
and the recipient client devices 118. The administrator client
device 114 includes the admimstrator application 116, the
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server device 102 includes the response prediction system
106, and the recipient client devices 118 include the recipi-
ent application 120. While not illustrated the response
prediction system 106 can be implemented within a digital
survey system located on the server device(s) 102.

[0046] As shown in FIG. 2, the response prediction system
106 receives generated surveys 202 from the administrator
client device 114. For example, an administrator (1.¢., user)
can generate numerous surveys over time and provide the
surveys to the response prediction system 106. In some
embodiments, the response prediction system 106 receives a
collection of surveys from additional or alternative sources,
such as surveys stored on the digital survey system. Each of
the generated surveys can include multiple questions. In
addition, each of the questions or prompts can include
specific words or phrases of text that make up the question.
Further, the survey questions can vary by question type (e.g.,
multiple choice, open-ended, ranking, scoring, summation,
demographic, dichotomous, differential, cumulative, drop-
down, matrix, net promoter score (NPS), single textbox, heat
map, etc.).

[0047] As shown in FIG. 2, the response prediction system
106 can access a general dataset 204. The general dataset
includes stored survey data from previous surveys. For
instance, the response prediction system 106 can access the
general dataset to retrieve past survey data. In particular, the
response prediction system 106 can access survey data
including survey characteristics, responses, and response
quality. For example, the response prediction system 106
can access survey data for previous surveys submitted to the
digital survey system 104. Additionally, the response pre-
diction system 106 can access survey data submitted by
users 1n a same class (e.g., same mdustry, same company,
same survey type, etc.) of the administrator associated with
the administrator client device 114.

[0048] The response prediction system 106 can predict
response quality 206 for the received surveys. Generally, the
response prediction system 106 extracts survey characteris-
tics from the received surveys. By comparing the survey
characteristics from the received surveys and past survey
characteristics and past survey response qualities, the
response prediction system 106 predicts response qualities
for the received surveys. In one or more embodiments, the
response prediction system 106 can apply a machine learn-
ing model, a statistical model, or a combination of both to
predict response qualities. For example, the response pre-
diction system 106 can predict response quality classes such
as completion rate, response relevance, response contradic-
tion, response similarity, etc.

[0049] Based on the predicted response quality, and as
illustrated 1n FIG. 2, the response prediction system 106
generates recommended changes 208. For example, the
response prediction system 106 can generate recommended
changes based on the predicted response quality. In at least
one embodiment, the response prediction system 106 1den-
tifies target response quality classes that fall below (or
above) a corresponding threshold and identifies recom-
mended changes based on the target response quality
classes. For example, based on determining that the response
relevance for a particular survey question i1s below a par-
ticular threshold, the response prediction system 106 can
generate a recommendation to simplily language of the
particular survey question to clarily the meaning of the
question.
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[0050] As 1llustrated, the response prediction system 106
provides the predicted response quality and recommended
changes 210 to the administrator client device 114. As will
be discussed in additional detail below, the response pre-
diction system 106 provides a graphical user interface that
provides real-time or near-real-time recommended changes.
In particular, the response prediction system 106 provides
question-level suggested changes for a survey question 1n
real time as the server device 102 receives the survey
question. Additionally, when the server device 102 has
received all the survey questions in the survey, the response
prediction system 106 provides global survey recommended
changes. Thus, the response prediction system 102 provides
the administrator with the option to improve response qual-
ity for a survey before publishing a survey.

[0051] As further shown 1n FIG. 2, the administrator client

device 114 signals the server device 102 to publish the
survey 212. The server device 102 sends the survey to one
or more recipient client devices 118. The response prediction
system 106 receives responses 214 from the recipient client
devices 118, as illustrated 1n FIG. 2. In particular, the
response prediction system 106 receives responses to survey
questions over time. Thus, as the response prediction system
106 receives responses 214, the response prediction system
106 can update predicted response quality and update rec-
ommended changes for the published survey to improve
response quality of future surveys. In short, by receiving
responses 214, the response prediction system 106 can use
received responses to detect poor response quality and
generate suggested changes to improve the response quality
of future responses for the published survey.

[0052] Based on recerving responses from the recipient
client devices, the server device 102 updates a specific
dataset 216. Generally, the specific dataset stores survey data
for a user, entity, or group of entities that share particular
characteristics. In particular, by updating a specific dataset,
the response prediction system 106 improves the accuracy of
predicted response quality for future surveys. For example,
respondents may have more patience to complete surveys
for more popular entities and have less patience to complete
surveys for other less-popular entities. Thus, the response
prediction system 106 updates a specific dataset for indi-
vidual entities to generate more accurate response quality
predictions that are specific to the enftity. In at least one
embodiment, the response prediction system 106 updates a
specific dataset for a class of entities (i.e., entities that share
a characteristic). Additionally, by updating the specific data-
set 216, the response prediction system 106 can improve the
accuracy of the response prediction system 106 1n evaluating
the published survey.

[0053] As illustrated mn FIG. 2, the response prediction
system 106 updates the predicted response quality 218 for
the published survey. In general, the response prediction
system 106 uses the received responses, to update the
predicted response quality 218 for the recerved survey. The
response prediction system 106 evaluates the response qual-
ity of recerved responses for a plurality of response qualities.
In at least one embodiment, the response prediction system
106 updates the predicted response quality. The response
prediction system 106 compares the received response qual-
ity with the predicted response quality to update the
response quality 218.

[0054] Based on the updated response quality, the
response prediction system 106 updates recommended
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changes 220. For example, 11 the updated response quality
identifies diflerent response quality classes that fall below
their corresponding threshold, the response prediction sys-
tem 106 accordingly updates recommended changes 220. In
at least one embodiment, the response prediction system 106
utilizes a machine learning model to i1dentify updated rec-
ommended changes by comparing the predicted response
quality with the updated response quality. The response
prediction system 106 provides updated response quality
and recommended changes 222 to the administrator client
device 114. In particular, the response prediction system 106
updates a response prediction graphical user interface to
present the updated recommended changes.

[0055] As mentioned previously, the response prediction
system 106 can provide real-time feedback to an adminis-
trator for improving survey response quality. FIG. 3 pro-
vides a general overview for how the response prediction
system 106 presents predicted response quality and sug-
gested changes to an administrator 302 associated with the
administrator client device 114. In general, FIG. 3 1llustrates
the response prediction system 106 receiving a survey 304
with survey questions from the administrator 302. The
response prediction system 106 utilizes general response
quality prediction model 306 to access a general dataset 308
(and optionally, a specific dataset 310) to generate predicted
response quality and suggested changes 312. The response
prediction system 106 presents the predicted response qual-
ity and suggested changes 312 to the administrator 302 via
the response prediction graphical user interface 314.

[0056] As 1illustrated in FIG. 3, the response prediction
system 106 receives the survey 304 from the admimstrator
302 via the administrator client device 114. In at least one
embodiment, the survey 304 represents a received survey
question. In at least one other embodiment, survey 304
represents an entire survey received by the response predic-
tion system 106. The response prediction system 106 can
receive a question of a survey from the administrator 302.

[0057] The response prediction system 106 analyzes the
received survey question using the general response quality
prediction model 306. In particular, the general response
quality prediction model accesses the general dataset 308 to
analyze the received survey 304. The general dataset 308
stores historical (or past) survey data associated with past
surveys and their corresponding responses. For example, the
general dataset 308 stores past survey characteristics and
past response qualities. Thus, the general response quality
prediction model 306 can compare past survey characteris-
tics with the survey characteristics from the present survey
to model and predict response quality.

[0058] In cases where the response prediction system 106
does not have sullicient historical survey data specific to the
administrator 302, the response prediction system 106
accesses the general dataset 308 to generate predictions and
suggested changes. For example, if the administrator 302
has never submitted a survey (or has submitted only a few
surveys) to the response prediction system 106, the response
prediction system 106 accesses past survey data for all
historical surveys in the general dataset 308. Thus, even if
the response prediction system 106 has not stored past
survey data in association with the administrator 302, the
response prediction system 106 may still generate predicted
response quality and suggested changes.

[0059] Optionally, the general response quality prediction
model 306 can access the specific dataset 310 to generate the
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predicted response quality and suggested changes 312. The
specific dataset 310 can store survey data for past surveys
submitted by the administrator 302. In at least one embodi-
ment, the specific dataset 310 stores survey data for surveys
submitted by the administrator 302 and other users associ-
ated with the same entity (e.g., company) as the adminis-
trator 302. In at least one other embodiment, the specific
dataset 310 stores survey data for enfities that share a
characteristic. For example, the specific dataset 310 can
store survey data for surveys submitted by hospitals gener-
ally. In at least one embodiment, the specific dataset 310
stores survey data for recipients sharing a certain character-
istic. For example, the specific dataset 310 can store past
survey data for surveys sent to doctors.

[0060] Moreover, the specific dataset can be based on
similar types of surveys. For example, 1f a survey 1s an
employee engagement survey, then the specific dataset 310
could include other employee engagement surveys so that
the survey characteristics and response quality align well
with the new employee engagement survey. As another
example, 11 the survey 1s a customer experience survey, then
the specific dataset 310 could include other customer expe-
rience surveys so that the survey characteristics and
response quality align well with the new customer experi-
ence survey. In one or more embodiments, the response
prediction system 106 determines the type of survey (e.g.,
based on analyzing the type of questions/audience/etc. or
based on asking the administrator to define the type of
survey) and then selects survey data to include the specific
dataset 310. For example, the response prediction system
106 can extract or determine various survey attributes to
then use to select survey data for use within the specific
dataset to predict response quality and suggest changes to
the survey to icrease response quality. Survey attributes can
include type of survey (e.g., employee engagement survey,
customer experience survey, product experience survey),
s1ze ol company, size of audience, frequency of survey being,
sent, method of administering the survey (e.g., email, instant
message, web), or other attributes known 1n the art.

[0061] The process by which the general response quality
prediction model 306 generates the predicted response qual-
ity and suggested changes 312 will be discussed 1n detail
below with respect to FIG. 4. As mentioned previously, the
response prediction system 106 utilizes the general response
quality prediction model 306 to generate the predicted
response quality and suggested changes 312. In particular,
FIG. 4 1llustrates a series of acts 400 for presenting question
suggested changes 422 (1.¢., question-specific change) and
presenting global survey suggested changes 424. As 1illus-
trated, series of acts 400 begins with receiving a generated
survey 202. As 1llustrated, the response prediction system
106 completes two types of analysis for a received survey—
question-specific analysis and global survey analysis.

[0062] FIG. 4 provides an overview ol how the response
prediction system 106 generates, for presentation, question-
level suggested changes. The response prediction system
106 performs act 402 of predicting question response qual-
ity. Predicting question response quality 402 includes act
404 of extracting question characteristics, act 406 of access-
ing historical question characteristics and historical question
response quality, and act 408 of comparing question char-
acteristics. Based upon predicting question response quality
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402, the response prediction system 106 generates question
suggested changes 410 and presents question suggested
changes 412.

[0063] As illustrated 1n FIG. 4, the response prediction
system 106 extracts question characteristics 404. In particu-
lar the response prediction system 106 extracts various
question characteristics. For example, and as 1llustrated, the
response prediction system 106 can determine the number of
words (e.g., 25) 1n a question, and/or the number and type of
coordinating conjunctions (e.g., “and, or”). In at least one
embodiment, the response prediction system 106 performs a
semantic analysis of the question to extract the question type
(e.g., multiple choice question, text entry question, matrix
question, etc.). Additionally, the response prediction system
106 can extract a readability score for the recerved question.
For example, in at least one embodiment, the response
prediction system 106 extracts a gunning fog index score.
Though not illustrated, the response prediction system 106
extracts additional question characteristics including num-
ber of characters, number of polysyllabic words (e.g., words
with 3 or more syllables), the number of choices for multiple
choice questions, number and difficulty of identified jargon
or otherwise hard to understand terms, the number of topics
in the question, etc. In addition, the response prediction
system 106 look at device compatibility 1ssues based on
question characteristics, such as display characteristics for
various devices, user mput options associated with various
devices, or communication capabilities of various devices.
Based on detecting 1ssues about device compatibility, the
response prediction system 106 may suggest changes.

[0064] The response prediction system 106 performs act
406 of accessing historical question characteristics and
historical question response quality. In particular, the
response prediction system 106 accesses the general dataset
308, the specific dataset 310, or both. The general dataset
308 includes historical question characteristics and histori-
cal question response qualities of all surveys recerved by the
response prediction system 106. The specific dataset 310
includes historical question characteristics and historical
question response qualities for the administrator 302 or
entity. As mentioned previously, 1n at least one embodiment,
the specific dataset 310 includes historical question charac-
teristics and historical question response qualities for an
entity (e.g., company) associated with the administrator 302.
In at least one embodiment, the response prediction system
106 automatically determines whether to access the general
dataset 308, the specific dataset 310, or both. In at least one
other embodiment, the response prediction system 106
receives mput from the administrator 302 indicating which
dataset to utilize or requests additional information from the
administer that would allow the response prediction system
to generate or create a specific dataset that 1s more custom-
1zed for the particular survey.

[0065] In at least one embodiment, the response prediction
system 106 can increase the accuracy of question response
quality predictions by filtering accessed survey data based
on question type. For example, multiple-choice questions
can often contain more words than text entry questions
betore the response quality decreases. Thus, based on deter-
mimng that the recetved question 1s a multiple-choice ques-
tion, the response prediction system 106 may access only
historical survey data for multiple choice questions.

[0066] As part of performing act 402 of predicting ques-
tion response quality, the response prediction system 106
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also performs act 408 of comparing question characteristics.
In at least one embodiment, the response prediction system
106 utilizes a machine learning model to compare question
characteristics. In particular, the machine learning model 1s
trained using historical question characteristics and histori-
cal question response quality. The trained machine learning
model uses, as input, the extracted question characteristics to
generate predicted question response quality. For example,
the response prediction system 106 might determine that
responses to the recerved question are likely to be rrelevant
based on a combination of a low readability index score, a
high number of coordinating conjunctions (e.g., and, but,
or), and a high word count.

[0067] Inatleast one embodiment, the response prediction
system 106 utilizes a statistical model to perform act 408 of
comparing question characteristics. For example, the
response prediction system 106 can perform a regression
analysis on the received survey question based on historical
question characteristics and historical question response
quality to generate the question response quality. In at least
one embodiment, the response prediction system 106 uti-
lizes a combination of the statistical model and the machine
learning model to compare the question characteristics. The
response prediction system 106 can determine whether to
utilize the statistical model, the machine learning model, or
a combination of both.

[0068] As mentioned, the response prediction system 106
utilize a statistical model to generate rules for regression
analysis. For example, the response prediction system 106
can utilize the statistical model for characteristics with linear
correlations with question response qualities. For example,
questions with low readability index (e.g., gunning fog)
scores might be directly correlated with low question
completion rate or low response relevance. Additionally, the
response prediction system 106 can conduct further regres-
sion analysis by segmenting the survey data into finer
groups. For example, in at least one embodiment, the
response prediction system 106 maps the historical question
characteristics and historical question response quality 1n a
vector space and utilizes K-means clustering to identify
clusters of characteristics. Thus, the response prediction
system 106 can infer more sophisticated rules from the
historical question characteristics and historical question
response quality. The response prediction system 106 also
utilizes the statistical model in act 420 of comparing global
survey characteristics.

[0069] The response prediction system 106, as part of act
402 predicting question response quality, predicts question
response quality for a number of question response quality
classes. Example question response quality classes include a
predicted question response time (1.e., the time it takes a
respondent to complete a question response), response rel-
evance (e.g., how relevant the question response content 1s
to the prompt), question completion rate (e.g., how likely a
respondent will complete the question), device compatibility
(e.g., whether the question, as written, can be displayed
across electronic devices), efc.

[0070] Based on the predicted question response quality,
the response prediction system 106 performs act 410 of
generating question suggested changes. In general, the
response prediction system 106 identifies question charac-
teristics that correspond to target question response quality
classes that fall below corresponding thresholds. For
example, based on predicting that responses to the received
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question are likely random and thus meaningless, the
response prediction system 106 can suggest a change of
decreasing the number of multiple-choice options. More
detall on generating question suggested changes will be
provided below 1n the discussion accompanying FIG. 8.

[0071] The response prediction system 106 presents the
question suggested change 1 act 412. In general, the
response prediction system 106 presents, 1n real time, sug-
gested changes to improve question response quality to the
administrator. Additional detail regarding presenting the
question suggested changes via question evaluation graphi-
cal user interface will be provided below 1n the discussion
accompanying FIGS. SA-5C.

[0072] FIG. 4 also provides an overview of how the
response prediction system 106 generates and presents
global survey suggested changes 424. Global survey sug-
gested changes apply to the received survey as a whole. As
illustrated, the response prediction system 106 performs act
414 of predicting global survey response quality. Predicting
global survey response quality 414 includes act 416 of
extracting survey characteristics, act 418 of accessing his-
torical global survey characteristics and historical global
survey response quality, and act 420 of comparing global
survey characteristics. Based on predicting the global survey
response quality 414, the response prediction system 106
performs act 422 of generating global survey suggested
changes and act 424 of presenting global survey suggested
changes.

[0073] As illustrated 1n FIG. 4, the response prediction
system 106 performs act 416 of extracting global survey
characteristics. The response prediction system 106 extracts
a number of global survey characteristics. Generally, global
survey characteristics include number of questions 1n the
survey, question similarity, question progression, counts of
cach type of questions, and others. Additionally, the
response prediction system 106 can extract survey flow
characteristics comprising semantic data for each question 1n
combination with the question order. For example, the
response prediction system 106 can generate sentence
embeddings by utilizing Word2vec algorithms.

[0074] The response prediction system 106 performs act
418 of accessing historical global survey characteristics and
historical global survey response quality. Act 418 includes
steps similar to those 1 act 406 of accessing historical
question characteristics and historical question response
quality. Namely, the response prediction system 106
accesses the general dataset 308, the specific dataset 310, or
a combination of both to access historical global survey
characteristics and historical global survey response quality.

[0075] The response prediction system 106 performs act
420 of comparing global survey characteristics. In particu-
lar, the response prediction system 106 uses a machine
learning model, a statistical model, or a combination of both
to compare the extracted global survey characteristics with
historical global survey characteristics. For example, similar
to how the response prediction system 106 utilizes a
machine learning model i act 408 of comparing question
characteristics, the response prediction system ftrains a
machine learning model using historical global survey char-
acteristics and historical global survey response quality.

[0076] As part of act 414 of predicting global survey
response quality, the response prediction system 106 pre-
dicts the global survey response quality by determining
scores for survey response quality classes. Example survey
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response quality classes 1nclude response flow quality,
completion time, completion rate, and survey delivery suc-
cess. Each of these survey response quality classes will be
detailed below. In at least one embodiment, the scores
comprise a fractional number indicating a number of pre-
dicted responses with (or without) a particular error. For
example, the response prediction system 105 might deter-
mine that 58/100 survey answers are likely to have answers
that are relevant to the prompt.

[0077] An example survey response quality class 1s
response tlow quality. As part of act 414 of predicting global
survey response quality, the response prediction system 106
can predict response tlow qualities of the global survey. For
example, by evaluating global survey characteristics related
to the survey sequence flow, the response prediction system
106 can predict contradicting responses, repetitive/similar
responses, and logical response sequencing. To identify
contradicting questions, the response prediction system 106
can leverage the sentence embeddings for individual ques-
tions and compute cosine similarities with other question
sentence embeddings. For example, a cosine value close to
—1 indicates that two questions likely contradict. Thus, such
questions are likely to yield contradicting responses. Simi-
larly, the response prediction system 106 can 1dentify repeti-
tive/similar responses. For example, question sentence
embeddings that have cosine values close to 1 indicate that
the two questions are likely similar enough to generate
similar, 11 not the same, responses.

[0078] Furthermore, as mentioned, the response prediction
system 106 analyzes the sequencing of questions in the
global survey as part of predicting the response tlow quali-
ties. For example, illogically sequenced questions are likely
to yield irrelevant responses because 1llogically sequenced
questions often confuse respondents. In at least one embodi-
ment, the response prediction system 106 utilizes recurrent
neural networks such as Long Short-Term Memory (LSTM)
or Gated Recurrent Unit (GRU) neural networks to compute
whether a question tlow 1s logical or not. In particular, the
input embeddings into the recurrent neural network can
include question sentence embeddings (e.g., Smoothed
Inversed Frequency embeddings) or output from another
neural network (e.g., Convolutional Neural Networks or
Transformer neural networks).

[0079] As mentioned previously, the response prediction
system 106 determines scores for the response quality class
of completion time. Generally, the response prediction sys-
tem 106 predicts the amount of time required to complete
cach question 1n the survey. The response prediction system
106 1dentifies every possible response path for a survey and,
based on the predicted reading speed, the response predic-
tion system 106 can predict the completion time. In at least
one embodiment, the response prediction system 106 uses
an average reading speed to calculate the predicted comple-
tion time. In at least one other embodiment, the response
prediction system 106 accesses past respondent reading
speed data to predict reading speed specific to the respon-
dent. Furthermore, the response prediction system 106 can
predict reading speed specific to a class of the respondent. In
at least one embodiment, the completion time score com-
prises a time period (e.g., seconds or minutes) predicted to
complete the survey.

[0080] The response prediction system 106 determines a
completion rate score as part of predicting the global survey
response quality 414. For example, the response prediction
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system 106 can predict how what percentage of survey
recipients will complete responses to the survey. In particu-
lar, mn at least one embodiment, the response prediction
system 106 predicts completion rates based on a combina-
tion of extracted global survey characteristics and recipient
data. The response prediction system 106 can condition
predicted completion rates on the recipient type. For
instance, the response prediction system 106 might predict
a higher response rate for paid survey recipients than for
recipients reached via social media.

[0081] Additionally, the response prediction system 106
generates a score for the survey response quality class of
survey delivery success. “Survey delivery success™ refers to
whether the entire survey can be successiully conveyed to
recipients. For instance, a survey that includes one or more
questions that cannot be rendered successiully on a recipi-
ent’s client device will deter the survey recipient from
responding. The response prediction system 106 also pre-
dicts a low survey delivery success score for translated
surveys 1f translations are missing for particular questions.

[0082] The response prediction system 106 performs act
422 of generating global survey suggested changes. In
general, the response prediction system 106 generates global
survey suggested changes based on identilying target
response quality class for which scores fall below corre-
sponding thresholds and determining target survey charac-
teristics correlated with the target response quality classes.
The response prediction system 106 suggests changes based
on the target survey characteristics. For example, based on
determining that a response flow quality score falls below a
response flow quality score threshold (1.e., a target response
quality class), the response prediction system 106 i1dentifies
target survey characteristics the survey’s sequence flow
corresponding to the low response flow quality score. As a
result, the response prediction system 106 suggests changes
such as removing a question, moving a question, or adding
a question. In at least one embodiment, the response pre-
diction system 106 uses negative thresholds for evaluating
survey response quality class scores. For example, based on
determining that predicted completion time 1s higher than
the corresponding threshold (as opposed to lower), the
response prediction system 106 can suggest removing ques-
tions, changing question types from free text to multiple
choice, shortening questions, etc. Additional detail for how
the response prediction system 106 generates suggested
changes will be provided below 1n the discussion accompa-
nying FIG. 8. In act 424, the response prediction system 106
presents global survey suggested changes to the administra-
tor 302. Additional detail regarding a survey evaluation
graphical user interface will be provided below 1n the
discussion accompanying FIGS. 6 A-6B.

[0083] As mentioned, the response prediction system 106
generates a question evaluation graphical user interface to
present predicted question response quality and suggested
changes for received survey questions. FIGS. 5A-5C 1llus-
trate a series of example question evaluation graphical user
interfaces. FIG. SA illustrates a question evaluation graphi-
cal user interface that displays the received question. FIG.
5B 1llustrates an example question suggested change when
the administrator interacts with a question suggestion ele-
ment. FIG. 5C illustrates an example survey suggested
change presented via the question evaluation graphical user
interface.
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[0084] As illustrated 1n FIG. 5A, the response prediction
system 106 presents the question evaluation graphical user
interface 504 via a display screen 502 on the administrator
client device 114. The question evaluation graphical user
interface mcludes a global survey analysis element 508, a
survey question 510, and a question suggestion element 512.

[0085] The question evaluation graphical user interface
504 includes the global survey analysis element 508. Based
on user interaction with the global survey analysis element
(e.g., user click), the response prediction system 106 updates
the graphical user interface to present the survey evaluation
graphical user interface illustrated in FIGS. 6 A-6B. Thus,
based on detection with the global survey analysis element
508, the response prediction system 106 allows the admin-
istrator to ethiciently navigate from viewing survey question
data to viewing global survey data and suggested changes.

[0086] The question evaluation graphical user interface
504 also includes the survey question 510. The survey
question 510 displays the survey question evaluated by the
response prediction system 106. The response prediction
system 106 can make real time edits to the survey question
510 based on administrator input. For example, the response
prediction system 106 can add a multiple-choice option or
change the question. The response prediction system 106
evaluates, 1n real time, the survey question 510 and presents
question suggested changes based on interaction with the
question suggestion element 512.

[0087] As illustrated, the question suggestion element 512
comprises an interactive element. Based on administrator
interaction with the question suggestion element 512, the
response prediction system 106 updates the question evalu-
ation graphical user interface 504 to display question sug-
gested changes. In at least one other embodiment, the
question suggestion element 512 1tself displays a preview of
question suggested changes.

[0088] FIG. 5B illustrates the question suggested change
514 via the question evaluation graphical user interface 504.
As 1illustrated, based on user interaction with the question
suggestion element 512, the response prediction system 106
expands a window that includes the question suggested
change 514. The question suggested change 514 presents
suggested changes for the survey question 310. For example,
the question suggested change 514 can include a suggestion
to change the question to stop referencing deleted items.
Additionally, the question suggested change 514 can include
predicted question response quality. For example, the
response prediction system 106 can indicate that responses
to the recerved survey question will likely include personal
information (e.g., social security number) and thus render
the responses unusable.

[0089] The question evaluation graphical user interface
504 can also display global survey response quality and
global survey suggested changes for application to specific
survey questions. FIG. 5C 1llustrates the response prediction
system 106 presenting a survey suggested change 518 via
the question evaluation graphical user interface 504. As
illustrated, the survey suggested change 518 includes the
suggested change of adding a demographic block. More
specifically, the response prediction system 106 identifies
when 1dentified global survey suggested changes are asso-
ciated with specific locations and/or locations. For example,
the response prediction system 106 may determine to add
one or more questions (e.g., a demographic block) 1 a
particular location. The response prediction system 106 may
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also 1dentity specific questions for deletion. As 1llustrated,
the response prediction system presents the survey sug-
gested change 518 via the question evaluation graphical user
interface 504 for the survey question 510. The question
evaluation graphical user interface 504 can also present a
question type edit element 516. In particular, based on
interaction with the question type edit element 3516, the
response prediction system 106 can quickly change the
question type.

[0090] FIGS. 6A-6B illustrate a series of survey evalua-
tion graphical user interfaces that present global survey
predicted response quality and global survey suggested
changes. FIG. 6A 1llustrates a survey evaluation notification
600 as part of the survey evaluation graphical user interface
602 via the display screen 502 of the administrator client
device 114. The survey evaluation notification 600 includes
a response quality summary 606, a publish element 608, and
a survey improvement element 604.

[0091] As illustrated 1n FIG. 6A, the response quality
summary 606 includes an overall score for the survey and an
indication of suggested changes for the survey. For example,
as 1llustrated, the response prediction system 106 indicates
that the survey scored “great” overall. The response predic-
tion system 106 can present other general ratings including
“perfect,” “good,” “fair,” “poor,” etc. As illustrated 1n FIG.
6A, the publish element 608 comprises an interactive ele-
ment. Based on interaction with the publish element 608, the
digital survey system 104 publishes the survey to the recipi-
ent devices.

[0092] Based on interaction with the survey improvement
clement 604, the response prediction system 106 updates the
survey evaluation graphical user interface to present pre-
dicted global survey response quality and generated global
survey suggested changes. FIG. 6B illustrates the survey
evaluation graphical user interface 602 with predicted
response quality and generated global survey suggested
changes. The survey evaluation graphical user interface of
FIG. 6B 1includes the response quality summary 606, an

urgency rating eclement 614, identified survey eclements
610a-610d, and suggested change indicators 612a-612d.

[0093] As illustrated 1n FIG. 6B, the survey evaluation
graphical user interface 602 includes the urgency rating
clement 614. In particular, the urgency rating element 614
provides an overview ol number of questions corresponding,
to target response quality classes. The response prediction
system 106 also indicates urgency ratings for the target
response quality classes. In particular, the response predic-
tion system 106 assigns urgency ratings based on the dif-
ference between the response quality class score and the
corresponding threshold. Greater differences between
response quality class scores and corresponding thresholds
result 1n poorer ratings. For example, as illustrated in FIG.
6B, the response prediction system 106 indicates, via the
survey evaluation graphical user interface 602, that 4 target
response quality classes qualify as “severe.” Additional
detail regarding urgency ratings will be provided below 1n
the discussion accompanying FIG. 8.

[0094] The survey evaluation graphical user interface 602
of FIG. 6B also includes the identified survey elements
610a-610d (collectively “identified survey elements 6107)
and the suggested change indicators 612a-612d (collectively
“suggested change indicators 6127). The suggested change
indicators 612 present suggested changes. By detecting
interaction with a suggested change of the suggested change
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indicators 612, the response prediction system 106 can
update the graphical user interface to display a particular
question or series ol questions. For example, based on
detecting user selection of the suggested change indicator
6126, the response prediction system 106 updates the
graphical user interface to display the question with bad
display logic. In response to detecting user selection of the
suggested change indicator 612d, the response prediction
system 106 can present a series of survey questions that can
be removed to shorten the survey.

[0095] The identified survey elements 610 provide an
overview of survey elements including survey sequence
flow, survey questions and survey question elements (e.g.,
multiple choice questions, matrix rows) that correspond to
the corresponding suggested change indicators 612. The
identified survey elements 610 can also comprise interactive
clements. Thus, based on selection of an identified survey
clement 610, the response prediction system 106 updates the
graphical user interface to display the indicated survey
clement.

[0096] Based on user interaction with an urgency rating in
the urgency rating element 614, the response prediction
system 106 updates the survey evaluation graphical user
interface 602 to highlight target survey characteristics. The
response prediction system 106 presents an eflicient graphi-
cal user interface that displays, in one user interface, an
indication of the predicted response quality via the urgency
rating element 614 and suggested changes to 1mprove
response quality.

[0097] As mentioned previously, the response prediction
system 106 updates predicted response quality based on
actual received responses. FIGS. 7-9 provide additional
detail for updating predicted response quality based on
received responses. FIG. 7 provides a general overview for
presenting updated response quality and updated suggested
changes to the admimstrator 302. FIG. 8 provides additional
detail for how the specific response quality prediction model
of the response prediction system 106 generates suggested
changes. FIG. 9 provides an example graphical user inter-
face for reporting updated response quality and updated
suggested changes.

[0098] FIG. 7 provides a general overview for presenting
updated response quality and updated suggested changes to
the administrator 302. Generally, the response prediction
system 106 receives the survey 304 from the administrator
302. The response prediction system 106 sends the survey
304 to respondents 702. The response prediction system 106
receives survey responses 704 from the respondents 702 and
stores survey data from the survey responses 704 1n the
specific dataset 310. Optionally, the response prediction
system 106 updates the general dataset 308 using survey
response data from the survey responses 704. The response
prediction system 106 utilizes a specific response quality
prediction model 706 to analyze data 1n the general dataset
308 and the specific dataset 310 to generate updated
response quality and updated suggested changes 708. The
response prediction system 106 presents the updated
response quality and updated suggested changes 708 to the
administrator 302 via a response review graphical user
interface 710.

[0099] As illustrated 1in FIG. 7, the response prediction
system 106 updates the general dataset 308 by storing
survey data from the received survey responses 704. In
particular, the response prediction system 106 stores survey
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characteristics and survey response qualities to aid 1n future
response quality predictions. The response prediction sys-
tem 106 also stores survey response data from the survey
responses 704 1n the specific dataset 310. By storing survey
characteristics and survey response qualities 1n the specific
dataset 310, the response prediction system 106 improves
the accuracy of survey response quality predictions and
suggested changes for the administrator 302.

[0100] FIG. 8 provides additional detail regarding how the
specific response quality prediction model 706 generates
updated response quality and recommended changes.
Although FIG. 8 and the accompanying discussion are
directed to generating updated suggested changes and
updated response quality, the processes described 1n FIG. 8
are also utilized i1n generating global survey suggested
changes and question suggested changes.

[0101] FIG. 8 illustrates series of acts 800 for updated
suggesting changes after the response prediction system 106
has received some responses. Generally, the series of acts
800 includes act 802 of periodically retrieving survey
responses, act 804 of determining survey response quality
scores for a plurality of response quality classes, act 806 of
identifying target response quality classes for which the
response quality scores fall below a corresponding thresh-
old, act 808 of identifying target survey characteristics based
on the identified target response quality classes 808 and act
810 of updating suggested changes based on the target
survey characteristics 810.

[0102] As illustrated 1in FIG. 8, the response prediction
system 106 performs act 802 of periodically retrieving
survey responses. Generally, the response prediction system
106 retrieves enough survey responses for a survey to
improve the survey. In at least one embodiment, the response
prediction system 106 sends the survey 304 to a portion of
recipients, updates the survey based on received responses,
and sends the survey 304 to the remaining recipients. In at
least one other embodiment, the response prediction system
106 sends a survey link associated with the survey 304 to all
intended recipients. Based on the passage of a set period of
time or a set number of received responses, the response
prediction system 106 evaluates the received responses. The
response prediction system 106 updates the suggested
changes based on the evaluated responses.

[0103] The response prediction system 106 performs act
804 of determining survey response quality scores for a
plurality of response quality classes 804. The response
prediction system 106 analyzes the received responses and
extracts actual response quality class scores based on the
received responses. For example, the response prediction
system 106 may extract an actual completion rate and an
actual completion time. Additionally, the response predic-
tion system 106 can identily contradicting responses, repeti-
tive/similar responses, and responses with a low correlation
to the prompt purpose.

[0104] In particular, the response prediction system 106
can analyze and compare the semantic qualities of a question
response to semantic qualities of the question, other question
responses within the same survey, and corresponding ques-
tion responses across survey responses. For example, the
response prediction system 106 analyzes semantic qualities
of a question response and compares them with semantic
qualities of the corresponding question. Based on this analy-
s1s, the response prediction system 106 can determine a
correlation between a response topic and the question topic.
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Additionally, the response prediction system 106 analyzes
compares semantic qualities between responses within a
response to identily questions likely to wyield repetitive
responses. The response prediction system 106 also analyzes
and compares semantic qualities between responses to a
particular answer across received responses to 1dentify ques-
tions likely to yield supertluous responses.

[0105] As 1llustrated by act 806 of the series of acts 800,
the response prediction system 106 1dentifies target response
quality classes for which the response quality scores fall
below a corresponding threshold. The response prediction
system 106 determines threshold values using a variety of
methods. For instance, the response prediction system 106
can recerve the threshold values from the administrator 304.
More specifically, the response prediction system 106 can
present, to the administrator 304, response quality classes,
and receives threshold wvalues corresponding to each
response quality class. The response prediction system 106
allows the administrator 304 to adjust threshold values. For
example, if an administrator 1s especially interested 1n a high
completion rate, the administrator can adjust the threshold to
yield a higher completion rate.

[0106] In at least one other embodiment, the response
prediction system 106 determines threshold values for each
response quality class based on historical survey data. The
response prediction system 106 can retrieve historical sur-
vey data from the general dataset 308 and/or the specific
dataset 310. In particular, the response prediction system
106 can 1dentily, using a specific dataset, whether an audi-
ence 1n particular 1s likely to send responses with specific
response quality deficits. Additionally, based on historical
data retrieved from the specific dataset, the response pre-
diction system 106 can determine a threshold value based on
retrieved median, means, and standard deviations from the
historical survey data. For example, the response prediction
system 106 can determine that the threshold value comprises
a deviation value from the mean.

[0107] As part of act 806 of identilying target response
quality classes for which the response quality scores fall
below a corresponding threshold, the response prediction
system 106 compares the scores of the determined response
quality classes with their corresponding classes. In at least
one embodiment, identilying target response quality classes
comprises a binary identification. In at least one other
embodiment, the response prediction system 106 generates
a scale of target response quality classes. For example, all
response quality classes for which the response quality
scores fall below (or above) the corresponding threshold
quality as target response quality classes. The response
prediction system 106 assigns urgency ratings to each of the
target response quality classes. The urgency ratings can
range from “severe” to “fair” based on the deviation of the
response quality score from the corresponding threshold. As
illustrated above with respect to FIG. 6B, the response
prediction system 106 can present the urgency rating as part
of the survey evaluation graphical user interface 602.

[0108] The response prediction system 106 performs act
808 of 1dentitying target survey characteristics based on the
identified survey classes. The response prediction system
106 1dentifies target survey characteristics that, 11 adjusted,
will specifically improve the target response quality classes.
As 1llustrated in FIG. 8, the response prediction system 106
identifies target survey characteristics using a statistical
regression analysis, a machine learning model, or both.
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[0109] In atleast one embodiment, the response prediction
system 106 utilizes a statistical regression analysis to 1den-
tify target survey characteristics based on the identified
target response quality classes. More particularly, the
response prediction system 106 analyzes the extracted sur-
vey characteristics to 1dentily characteristics that, when
changed, will improve the target response quality class
score. For instance, the response prediction system 106 can
analyze historical survey data stored 1n the general dataset
308 and the specific dataset 310 to i1dentify which survey
characteristics are correlated with the target response quality
classes. The response prediction system 106 compares the
survey characteristics identified through statistical analysis
with the extracted survey characteristics and designates
overlapping characteristics as target survey characteristics.
For example, based on 1dentifying a poor delivery success
rate as a target response quality class, the response predic-
tion system 106 analyzes past survey data associated with
poor delivery success rate. The response prediction system
106 determines that common survey characteristics associ-
ated with a poor survey delivery success score include
missing translations for one or more questions, questions
formatted a certain way, and other characteristics. The
response prediction system 106 analyzes the extracted sur-
vey characteristics to 1dentily survey characteristics associ-
ated with poor survey delivery success scores and designates
these survey characteristics as target survey characteristics.

[0110] As illustrated 1 FIG. 8, The response prediction
system 106 also utilizes a machine learning model to per-
form act 808 of identifying target survey characteristics
based on the identified target quality classes. In particular,
the response prediction system 106 can further train the
machine learning model based on received survey
responses. In particular, the response prediction system 106
trains the machine learming model to generate customized
target survey characteristics specific to the administrator
304, the associated entity, or other administrators with
characteristics similar to the administrator 304. For example,
the machine learning model 1s trained using training char-
acteristics and training response quality class scores. Based
on receiving the target survey characteristics as nput, the
machine learning model generates target survey character-
1stics.

[0111] Though not 1llustrated, 1n at least one embodiment,
the response prediction system 106 1dentifies target survey
characteristics based fixed optimal survey characteristics.
Instead of (or 1in addition to) performing act 806 of identi-
tying target response quality classes for which the response
quality scores fall below a corresponding threshold, the
response prediction system 106 directly compares survey
characteristics with fixed optimal survey characteristics.
More particularly, the response prediction system 106 1den-
tifies target survey characteristics based on which survey
characteristics diverge from the fixed optimal survey char-
acteristics. The response prediction system 106 can 1dentily
optimal survey characteristics (1.¢., question characteristics
and global survey characteristics) that apply to all surveys.
For example, the response prediction system 106 can 1den-
tify an optimal survey completion time (e.g. 7 minutes).
Other examples of survey characteristics that the response
prediction system 106 may identily fixed optimal survey
characteristics include an optimal number of polysyllabic
words for each type of question (e.g., matrix, text entry,
multiple choice, etc.), an optimal number of words for each
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type of question, an optimal readabaility score (e.g., gunming
fog 1ndex), the number of coordinating conjunctions for
cach type of question, and the number of characters for each
type of question. Similarly, the response prediction system
106 can generate question suggested changes 410 based
directly on the extracted question characteristics. Although
not 1llustrated above, the response prediction system 106 can
utilize optimal survey characteristics during act 410 of
generating question suggested changes and act 422 of gen-
crating global survey suggested changes.

[0112] The response prediction system 106 performs act
810 of updating suggested changes based on target survey
characteristics. Generally, the response prediction system
106 accesses the suggested changes presented during the
creation of the survey. The response prediction system 106
updates the suggested changes and presents them to the
administrator 304 via a response evaluation graphical user
interface.

[0113] As mentioned, the response prediction system 106
presents updated response quality and updated suggested
changes to the administrator 304 via a response evaluation
graphical user interface. FIG. 9 illustrates an example
response evaluation graphical user interface 902 on the
administrator client device 114. The response evaluation
graphical user interface 902 includes various eclements
including an actual response quality summary 904, response
quality class scores 906a-906¢ (collectively “response qual-
ity class scores 9067"), updated suggested changes indicators
908a-908c¢ (collectively “updated suggested changes indi-
cators 908”), actual urgency ratings element 910, and filter
clement 912.

[0114] The response evaluation graphical user interiace
902 includes the actual response quality summary 904. The
actual response quality summary 904 appears similar to the
response quality summary 606 of the survey evaluation
graphical user interface 602. However, whereas the response
quality summary 606 provides an overview ol predicted
response quality, the actual response quality summary 904
presents actual response quality for retrieved responses. In
particular, the actual response quality summary 904 includes
an overall score for the received responses (e.g., “poor”) and
an indication of suggested changes (e.g., “We found 7 ways
to 1mprove your score’”).

[0115] The response evaluation graphical user interface
902 also includes the response quality class scores 906. In
particular, the response quality class scores 906 include
scores for individual response quality classes. For example,
the response quality class score 908a indicates that 8/100
responses are potential duplicates (i.e., repetitive answers
across survey responses). As 1llustrated, the response pre-
diction system 106 also 1dentifies and reports responses from
potential bots via response quality class score 906b.

[0116] The updated suggested changes indicators 908
present target response quality classes and suggested
changes. In addition to providing an indication of target
response quality class type, the updated suggested changes
indicators 908 also include an urgency ranking associated
with each target response quality class.

[0117] As illustrated 1n FIG. 9, the response evaluation
graphical user interface 902 also includes a filter element
912. The filter element 912 enables the response prediction
system 106 to collect user feedback to {filter by 1ssue type.
For example, the response prediction system 106 can present
the target response quality classes 1 order by type. As
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illustrated 1n FIG. 9, the response prediction system 106
identifies compliance, data fraud, methodology, and survey
errors as different types.

[0118] FIGS. 19, the corresponding text, and the

examples provide a number of different methods, systems,
devices, and non-transitory computer-readable media of the
question recommendation system 106 in accordance with
one or more embodiments. In addition to the above descrip-
tion, one or more embodiments can also be described in
terms of flowcharts including acts for accomplishing a
particular result. For example, FIG. 10 illustrates flowcharts
of an exemplary sequence of acts for providing a suggested
survey prompt in accordance with one or more embodi-
ments. FIG. 10 may be performed with more or fewer acts.
Further, the acts may be performed in differing orders.
Additionally, the acts described herein may be repeated or
performed in parallel with one another or parallel with
different instances of the same or similar acts.

[0119] While FIG. 10 1llustrates series of acts according to
particular embodiments, alternative embodiments may omut,
add to, reorder, and/or modify any of the acts shown 1n FIG.
10. The series of acts of FIG. 10 can be performed as part
ol a method. Alternatively, a non-transitory computer-read-
able medium can comprise instructions, that when executed
by one or more processors, cause a computing device to
perform the series of acts of FIG. 10. In still further
embodiments, a system can perform the acts of FIG. 10. In
addition, 1n one or more embodiments, the series of acts
1000 1s implemented on one or more computing devices,

such as the server device 102 and/or the administrator client
device 114.

[0120] The series of acts 1000 includes act 1010 of
receiving a survey. In particular, act 1010 can include
receiving, from a client device associated with an adminis-
trator, a survey comprising survey questions. The series of
acts 1000 includes act 1020 of extracting survey character-
istics. In particular, act 1020 includes extracting survey
characteristics based on the survey and the survey questions.
As 1llustrated in FIG. 10, the series of acts 1000 also
includes act 1030 of generating a predicted response quality.
In particular, act 1030 includes generating, based on the
survey characteristics, a predicted response quality corre-
sponding to the survey. More specifically, act 1030 can
include predicting the response quality and suggested
changes by utilizing a machine learming model trained using
a general dataset. In at least one embodiment, the predicted
response quality comprises a predicted survey completion
rate.

[0121] The series of acts 1000 includes act 1040 of
determining a suggested change based on the predicted
response quality. In particular, act 1040 includes determin-
ing, based on the predicted response quality, a suggested
change to the survey. The series of acts 1000 includes act
1050 of providing the suggested change. Act 1050 includes
providing the suggested change to the client device associ-
ated with the administrator. Act 1050 can include an addi-
tional act of providing the suggested change by providing a
question-specific suggested change for a survey question of
the survey questions. Additionally, act 1050 can include an
additional act of providing the suggested change by provid-
ing a global survey suggested change for the survey.

[0122] The series of acts 1000 can include additional acts
including publishing, to one or more client devices associ-
ated with respondents, the survey; receiving, from the one or
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more client devices, survey response data; generating an
updated response quality; determining, based on the updated
response quality, an updated suggested change to the survey;
and providing the updated response quality and the updated
suggested change to the client device associated with the
administrator. In at least one embodiment, the additional act
includes an act of generating the updated response quality by
utilizing a machine learning model trained using a specific
dataset. In particular, this act can include additional acts of
analyzing the survey response data; determining that a
number of responses within a target response class meets a
threshold; and 1dentifying a suggested change corresponding
to the target response class. Additionally, this act includes
additional acts of generating the updated response quality
based on the survey response data by analyzing the survey
response data; and determining a number of {target
responses. In at least one embodiment, this act includes
additional acts of analyzing the survey response data; and
determining a number of target responses. The series of acts
1000 can include an additional act of providing the predicted
response quality to the client device associated with the
administrator.

[0123] Embodiments of the present disclosure may com-
prise or utilize a special purpose or general-purpose com-
puter including computer hardware, such as, for example,
one or more processors and system memory, as discussed 1n
greater detail below. Embodiments within the scope of the
present disclosure also include physical and other computer-
readable media for carrying or storing computer-executable
instructions and/or data structures. In particular, one or more
of the processes described herein may be implemented at
least 1n part as instructions embodied 1n a non-transitory
computer-readable medium and executable by one or more
computing devices (e.g., any ol the media content access
devices described herein). In general, a processor (e.g., a
mICroprocessor) receives instructions, from a non-transitory
computer-readable medium, (e.g., memory), and executes
those instructions, thereby performing one or more pro-
cesses, mcluding one or more of the processes described
herein.

[0124] Computer-readable media can be any available
media that can be accessed by a general purpose or special
purpose computer system. Computer-readable media that
store computer-executable instructions are non-transitory
computer-readable storage media (devices). Computer-read-
able media that carry computer-executable instructions are
transmission media. Thus, by way of example, and not
limitation, embodiments of the disclosure can comprise at
least two distinctly different kinds of computer-readable
media: non-transitory computer-readable storage media (de-
vices) and transmission media.

[0125] Non-transitory computer-readable storage media
(devices) includes RAM, ROM, EEPROM, CD-ROM, solid

state drives (“SSDs”) (e.g., based on RAM), Flash memory,
phase-change memory (“PCM”), other types of memory,
other optical disk storage, magnetic disk storage or other
magnetic storage devices, or any other medium which can be
used to store desired program code means in the form of
computer-executable instructions or data structures and
which can be accessed by a general purpose or special

purpose computer.

[0126] A “network” 1s defined as one or more data links
that enable the transport of electronic data between com-
puter systems and/or modules and/or other electronic
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devices. When information 1s transferred or provided over a
network or another communications connection (either
hardwired, wireless, or a combination of hardwired or
wireless) to a computer, the computer properly views the
connection as a transmission medium. Transmissions media
can include a network and/or data links which can be used
to carry desired program code means in the form of com-
puter-executable instructions or data structures and which
can be accessed by a general purpose or special purpose
computer. Combinations of the above should also be
included within the scope of computer-readable media.

[0127] Further, upon reaching various computer system
components, program code means in the form of computer-
executable instructions or data structures can be transierred
automatically from transmission media to non-transitory
computer-readable storage media (devices), or vice versa.
For example, computer-executable instructions or data
structures received over a network or data link can be
buflered in RAM within a network interface module (e.g., a
“NIC”), and then eventually transterred to computer system
RAM and/or to less volatile computer storage media (de-
vices) at a computer system. Thus, 1t should be understood
that non-transitory computer-readable storage media (de-
vices) can be included 1n computer system components that
also (or even primarily) utilize transmission media.

[0128] Computer-executable instructions comprise, for
example, mstructions and data which, when executed by a
processor, cause a general-purpose computer, special pur-
pose computer, or special purpose processing device to
perform a certain function or group of functions. In some
embodiments, computer-executable instructions  are
executed by a general-purpose computer to turn the general-
purpose computer mnto a special purpose computer 1mple-
menting elements of the disclosure. The computer-execut-
able 1nstructions may be, for example, binaries, intermediate
format instructions such as assembly language, or even
source code. Although the subject matter has been described
in language specific to structural features and/or method-
ological acts, 1t 1s to be understood that the subject matter
defined 1n the appended claims 1s not necessarily limited to
the described features or acts described above. Rather, the
described features and acts are disclosed as example forms
of implementing the claims.

[0129] Those skilled in the art will appreciate that the
disclosure may be practiced in network computing environ-
ments with many types of computer system configurations,
including, personal computers, desktop computers, laptop
computers, message processors, hand-held devices, multi-
processor systems, microprocessor-based or programmable
consumer electronics, network PCs, minicomputers, main-
frame computers, mobile telephones, PDAs, tablets, pagers,
routers, switches, and the like. The disclosure may also be
practiced in distributed system environments where local
and remote computer systems, which are linked (either by
hardwired data links, wireless data links, or by a combina-
tion of hardwired and wireless data links) through a network,
both perform tasks. In a distributed system environment,
program modules may be located 1n both local and remote
memory storage devices.

[0130] Embodiments of the present disclosure can also be
implemented 1n cloud computing environments. As used
herein, the term “cloud computing” refers to a model for
enabling on-demand network access to a shared pool of
configurable computing resources. For example, cloud com-
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puting can be employed 1n the marketplace to offer ubiqui-
tous and convenient on-demand access to the shared pool of
configurable computing resources. The shared pool of con-
figurable computing resources can be rapidly provisioned
via virtualization and released with low management eflort
or service provider interaction, and then scaled accordingly.

[0131] A cloud-computing model can be composed of
various characteristics such as, for example, on-demand
self-service, broad network access, resource pooling, rapid
clasticity, measured service, and so forth. A cloud-comput-
ing model can also expose various service models, such as,
for example, Soltware as a Service (“SaaS™), Platform as a
Service (“PaaS”), and Infrastructure as a Service (“laaS™”). A
cloud-computing model can also be deployed using different
deployment models such as private cloud, commumnity cloud,
public cloud, hybrid cloud, and so forth. In addition, as used
herein, the term “cloud-computing environment” refers to an
environment 1n which cloud computing 1s employed.

[0132] FIG. 11 illustrates a block diagram of a computing
device 1100 that may be configured to perform one or more
of the processes described above associated with the
response prediction system 106. One will appreciate that one
or more computing devices, such as the computing device
1100 may represent the computing devices described above
(e.g., the server device 102, the administrator client device
114, and the recipient client device 118). In one or more
embodiments, the computing device 1100 may be a non-
mobile device (e.g., a desktop computer or another type of
client device). In some embodiments, the computing device
1100 may be a mobile device (e.g., a mobile telephone, a
smartphone, a PDA, a tablet, a laptop, a camera, a tracker,
a watch, a wearable device, etc.). Further, the computing
device 1100 may be a server device that includes cloud-
based processing and storage capabilities.

[0133] As shown in FIG. 11, the computing device 1100
can 1nclude one or more processor(s) 1102, memory 1104, a
storage device 1106, input/output intertaces 1108 (or simply
“I/O 1nterfaces 1108”’), and a communication interface 1110,
which may be communicatively coupled by way of a com-
munication infrastructure (e.g., bus 1112). While the com-
puting device 1100 1s shown 1n FIG. 11, the components
illustrated 1 FIG. 11 are not intended to be limiting.
Additional or alternative components may be used 1n other
embodiments. Furthermore, in certain embodiments, the
computing device 1100 includes fewer components than
those shown i FIG. 11. Components of the computing
device 1100 shown 1n FIG. 11 will now be described 1n
additional detail.

[0134] In particular embodiments, the processor(s) 1102
includes hardware for executing instructions, such as those
making up a computer program. As an example, and not by
way ol limitation, to execute instructions, the processor(s)
1102 may retrieve (or fetch) the instructions from an internal
register, an internal cache, memory 1104, or a storage device
1106 and decode and execute them.

[0135] The computing device 1100 includes memory
1104, which 1s coupled to the processor(s) 1102. The
memory 1104 may be used for storing data, metadata, and
programs for execution by the processor(s). The memory
1104 may include one or more of volatile and non-volatile
memories, such as Random-Access Memory (“RAM™),

Read-Only Memory (“ROM™), a solid-state disk (“SSD”),
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Flash, Phase Change Memory (“PCM”), or other types of
data storage. The memory 1104 may be 1nternal or distrib-
uted memory.

[0136] The computing device 1100 includes a storage
device 1106 includes storage for storing data or instructions.
As an example, and not by way of limitation, the storage
device 1106 can include a non-transitory storage medium
described above. The storage device 1106 may include a
hard disk drive (HDD), flash memory, a Universal Serial Bus

(USB) drive or a combination these or other storage devices.

[0137] As shown, the computing device 1100 includes one
or more I/O interfaces 1108, which are provided to allow a
user to provide 1nput to (such as user strokes), receive output
from, and otherwise transter data to and from the computing
device 1100. These I/O interfaces 1108 may include a
mouse, keypad or a keyboard, a touch screen, camera,
optical scanner, network interface, modem, other known I/0O
devices or a combination of such I/O interfaces 1108. The
touch screen may be activated with a stylus or a finger.

[0138] The I/O mterfaces 1108 may include one or more
devices for presenting output to a user, including, but not
limited to, a graphics engine, a display (e.g., a display
screen), one or more output drivers (e.g., display drivers),
one or more audio speakers, and one or more audio drnivers.
In certain embodiments, I/O interfaces 1108 are configured
to provide graphical data to a display for presentation to a
user. The graphical data may be representative of one or
more graphical user interfaces and/or any other graphical
content as may serve a particular implementation.

[0139] The computing device 1100 can further include a
communication interface 1110. The communication inter-
face 1110 can include hardware, software, or both. The
communication interface 1110 provides one or more inter-
faces for communication (such as, for example, packet-
based communication) between the computing device and
one or more other computing devices or one or more
networks. As an example, and not by way of limitation,
communication interface 1110 may include a network inter-
tace controller (NIC) or network adapter for communicating
with an FEthernet or other wire-based network or a wireless
NIC (WNIC) or wireless adapter for communicating with a
wireless network, such as a WI-FI. The computing device
1100 can further include a bus 1112. The bus 1112 can
include hardware, software, or both that connects compo-
nents of computing device 1100 to each other.

[0140] FIG. 12 1llustrates a network environment 1200 of
a digital survey management system 1204, such as embodi-
ments ol the response prediction system 106 within the
digital survey system 104, as described herein. The network
environment 1200 includes the digital survey management
system 1204 and a client system 1208 connected to each
other by a network 1206. Although FIG. 12 illustrates a
particular arrangement of the digital survey management
system 1204, the client system 1208, and the network 1206,
one will appreciate that other arrangements of the network
environment 1200 are possible. For example, a client device
of the client system 1208 1s directly connected to the digital
survey management system 1204. Moreover, this disclosure
contemplates any suitable number of client systems, digital
survey systems, and networks are possible. For instance, the
network environment 1200 includes multiple client systems.

[0141] This disclosure contemplates any suitable network.
As an example, one or more portions of the network 1206
may include an ad hoc network, an intranet, an extranet, a
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VPN, a LAN, a wireless LAN, a WAN, a wireless WAN, a
MAN, a portion of the Internet, a portion of the Public
Switched Telephone Network (PSTN), a cellular telephone
network, a safelight network, or a combination of two or
more of these. The term “network” may include one or more
networks and may employ a variety of physical and virtual
links to connect multiple networks together.

[0142] In particular embodiments, the client system 1208
1s an electronic device including hardware, software, or
embedded logic components or a combination of two or
more such components and capable of carrying out the
appropriate functionalities implemented or supported by the
client system. As an example, the client system 1208
includes any of the computing devices discussed above. The
client system 1208 may enable a user at the client system
1208 to access the network 1206. Further, the client system
1208 may enable a user to communicate with other users at
other client systems.

[0143] In some embodiments, the client system 1208 may
include a web browser, such as and may have one or more
add-ons, plug-ins, or other extensions. The client system
1208 may render a web page based on the HTML files from
the server for presentation to the user. For example, the
client system 1208 renders the graphical user interface
described above.

[0144] In one or more embodiments, the digital survey
management system 1204 includes a variety ol servers,
sub-systems, programs, modules, logs, and data stores. In
some embodiments, digital survey management system
1204 1ncludes one or more of the following: a web server,
action logger, API-request server, relevance-and-ranking
engine, content-object classifier, notification controller,
action log, third-party-content-object-exposure log, infer-
ence module, authorization/privacy server, search module,
user-targeting module, user-interface module, user-profile
store, connection store, third-party content store, or location
store. The digital survey system 104 may also include
suitable components such as network interfaces, security
mechanisms, load balancers, fallover servers, management-
and-network-operations consoles, other suitable compo-
nents, or any suitable combination thereof.

[0145] In the foregoing specification, the invention has
been described with reference to specific exemplary embodi-
ments thereof. Various embodiments and aspects of the
invention(s) are described with reference to details discussed
herein, and the accompanying drawings 1llustrate the various
embodiments. The description above and drawings are 1llus-
trative of the invention and are not to be construed as
limiting the 1invention. Numerous specific details are
described to provide a thorough understanding of various
embodiments of the present invention.

[0146] The present invention may be embodied in other
specific forms without departing from 1ts spirit or essential
characteristics. The described embodiments are to be con-
sidered 1n all respects only as 1llustrative and not restrictive.
For example, the methods described herein may be per-
formed with fewer or more steps/acts or the steps/acts may
be performed in differing orders. Additionally, the steps/acts
described herein may be repeated or performed in parallel to
one another or in parallel to different instances of the same
or similar steps/acts. The scope of the invention 1s, therefore,
indicated by the appended claims rather than by the fore-
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going description. All changes that come within the meaning
and range of equivalency of the claims are to be embraced
within their scope.

We claim:

1. A system comprising:

at least one processor;

at least one non-transitory computer readable storage

medium storing nstructions that, when executed by the

at least one processor, cause the system to:

recerve, from a client device associated with an admin-
1strator, a survey comprising survey questions;

extract survey characteristics based on the survey and
the survey questions;

generate, based on the survey characteristics, a pre-
dicted response quality corresponding to the survey;

determine, based on the predicted response quality, a
suggested change to the survey; and

provide the suggested change to the client device
assoclated with the administrator.

2. The system of claim 1, further comprising instructions
that, when executed by the at least one processor, cause the
system to:

publish, to one or more client devices associated with

respondents, the survey;

receive, from the one or more client devices, survey

response data;

generate an updated response quality;

determine, based on the updated response quality, an

updated suggested change to the survey; and

provide the updated response quality and the updated

suggested change to the client device associated with
the admainistrator.

3. The system of claim 2 further comprising instructions
that, when executed by the at least one processor, cause the
system to generate the updated suggested changes based on
the survey response data by:

analyzing the survey response data;

determining that a number of responses within a target

response class meets a threshold; and

identifying a suggested change corresponding to the target
response class.

4. The system of claim 2 further comprising nstructions
that, when executed by the at least one processor, cause the
system to generate the updated response quality by utilizing
a machine learning model trained using a specific dataset.

5. The system of claim 1, further comprising nstructions
that, when executed by the at least one processor, cause the
system to provide the predicted response quality to the client
device associated with the administrator.

6. The system of claim 3, wherein the predicted response
quality comprises a predicted survey completion rate.

7. The system of claim 1 further comprising nstructions
that, when executed by the at least one processor, cause the
system to predict the response quality and the suggested
change by utilizing a machine learning model trained using
a general dataset.

8. The system of claim 1 further comprising instructions
that, when executed by the at least one processor, cause the
system to provide the suggested change by providing a
question-specific suggested change for a survey question of
the survey questions.

9. The system of claim 1 further comprising nstructions
that, when executed by the at least one processor, cause the

Feb. 4, 2021

system to provide the suggested change by providing a
global survey suggested change for the survey as a whole.

10. The system of claim 1 further comprising instructions
that, when executed by the at least one processor, cause the
system to generate the updated response quality based on the
survey response data by:

analyzing the survey response data; and

determining a number of target responses.

11. A computer-implemented method comprising;:

receiving, from a client device associated with an admin-

1strator, a survey comprising survey questions;
extracting survey characteristics based on the survey and
the survey questions;

generating, based on the survey characteristics, a pre-

dicted response quality corresponding to the survey;

determining, based on the predicted response quality, a

suggested change to the survey; and

providing the suggested change to the client device asso-

ciated with the administrator.

12. The computer-implemented method of claim 11 fur-
ther comprising:

publishing, to one or more client devices associated with

respondents, the survey;

receirving, from the one or more client devices, survey

response data;
generate an updated response quality;
determining, based on the updated response quality, an
updated suggested change to the survey; and

providing the updated response quality and the updated
suggested change to the client device associated with
the admimstrator.

13. The computer-implemented method of claim 12, fur-
ther comprising generating the updated response quality by
utilizing a machine learning model trained using a specific
dataset.

14. The computer-implemented method of claim 11, fur-
ther comprising predicting the response quality and the
suggested change by utilizing a machine learning model
trained using a general dataset.

15. The computer-implemented method of claim 11 fur-
ther comprising providing the suggested change by provid-
ing a question-specific suggested change for a survey ques-
tion of the survey questions.

16. A non-transitory computer-readable medium storing
instructions that, when executed by at least one processor,
cause a computer system to:

receive, from a client device associated with an admin-

istrator, a survey comprising survey questions;
extract survey characteristics based on the survey and the
survey questions;

generate, based on the survey characteristics, a predicted

response quality corresponding to the survey;

determine, based on the predicted response quality, a

suggested change to the survey; and

provide the suggested change to the client device associ-

ated with the admimstrator.

17. The non-transitory computer-readable medium of
claim 16, further storing instructions that, when executed by
the at least one processor, cause the computer system to:

publish, to one or more client devices associated with

respondents, the survey;

receive, Irom the one or more client devices, survey

response data;

generate an updated response quality;
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determine, based on the updated response quality, an

updated suggested change to the survey; and

provide the updated response quality and the updated

suggested change to the client device associated with
the admainistrator.

18. The non-transitory computer-readable medium of
claim 16, further storing 1nstructions that, when executed by
the at least one processor, cause the system to predict the
response quality and the suggested change.

19. The non-transitory computer-readable medium of
claim 16, further storing 1nstructions that, when executed by
the at least one processor, cause the system to predict the
response quality and the suggested change by utilizing a
machine learning model trained using a general dataset.

20. The non-transitory computer-readable medium of
claim 16, further storing 1nstructions that, when executed by
the at least one processor, cause the system to provide the
suggested change by providing a question-specific sug-
gested change for a survey question of the survey questions.
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